In overcoming the shortcomings of the classical control charts in a short runs production, Quesenberry (1991 & 1995a -d) proposed Q charts for attributes and variables data. An approach to enhance the performance of a variable Q chart based on individual measurements using a robust estimator of scale is proposed. Monte carlo simulations are conducted to show that the proposed robust Q chart is superior to the present Q chart.
Introduction
Short runs production or more commonly known as short runs is given more emphasis in manufacturing industries nowadays. The trend which is emphasized now is low volume production. This trend is a result of extra emphasis on just-in-time (JIT) techniques, job shop settings and synchronous manufacturing.
Classical SPC charting methods such as X , R and S charts which assume high volume manufacturing processes require at least 25 or 30 calibration samples of size 4 or 5 each to be available in the estimation of the process parameters before on-line charting begins.
In a short runs production, there is often a paucity of relevant data available for estimating the process parameters and establishing control limits prior to a production run. It is desirable to begin charting at or very near the beginning of the run in these cases.
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In a short runs environment, the process mean, µ, and variance, 2 σ , cannot be known before the production run is begun because they change from run to run. For the individual measurements situation based on variables data, Quesenberry (1991 Quesenberry ( & 1995a proposed the following four statistics for cases where µ and 2 σ are known and unknown. The notations in Table 1 
4. Case UU: µ and 2 σ both unknown
where ( ). The Q chart statistics in eqs.
(1) and (2) are based on known variance while that of eqs. (3) and (4) are based on the estimated variance. A simulation study performed by Quesenberry (1995a) shows that the performance of a Q chart for cases KK and UK are superior to that of cases KU and UU. In this paper, a method to improve the performance of a basic Q chart using a robust estimator of scale will be suggested. The robust estimator of scale is based on a modified mean square successive difference (MSSD) approach. Holmes and Mergen (1993) Note that the MSSD Q statistics in Eqs. (5a), (5b), (6a) and (6b) are standard normal random variables.
Tests For Shifts In The Process Mean
To enable a comparison in the performances of the proposed MSSD Q chart and the basic Q chart to be made in the next section, the following tests which are used by Quesenberry (1995a) will be considered: Given a sequence of say, Q statistics, ,..., , 1 − t t Q Q these tests are defined as follow:
The 
with
plotted on a chart with limits at )
The same values of (λ, K) = (0. Tables 2, 3 and 4 for c = 5, 20 and 100 respectively. Note that this simulation study is conducted under the same condition as that in Quesenberry (1995a) so that a comparison between the performances of the MSSD Q chart and the basic Q chart can be made.
All the six tests discussed in the previous section are used in the simulation study. The results of the six tests for the basic Q chart are obtained from Quesenberry (1995a). Since we are interested to detect positive shifts in the process mean, only the upper sided tests are considered. Here, an o.o.c. is signaled if the chart's statistics plot above the upper control limit of the test.
The results in Tables 2, 3 It should be noted that case UU has lower o.o.c. proportions than case KU for δ > 0 irrespective of the test that is used. The MSSD Q and Q charts become more sensitive to process shifts as the value of c increases. An Example of Application This example is based on simulated data. Observations are generated using SAS version 8. The first 10 observations are generated from a standard normal, N(0,1) distribution followed by 20 additional observations from a N(1,1) respectively. This example shows that the MSSD Q chart is more sensitive to shifts compared to the Q chart proposed by Quesenberry (1991 Quesenberry ( & 1995a . Table 4 . Proportions of signaling an out-of-control for the Q and MSSD Q charts based on c = 100. Table 5 . Table 5 .
Conclusion
This article demonstrates that the performance of the basic Q chart for cases KU and UU have improved tremendously by incorporating a robust estimator of scale based on a modified mean square successive difference approach. The proofs of how the MSSD Q statistics in eqs. (5a), (5b), (6a) and (6b) which are i.i.d. standard normal random variables are derived will be given in the Appendix.
Notation used here were defined above. The following theorem (Mood, Graybill & Boes, 1974 ) is required.
Theorem:
If Z has a standard normal distribution and V has a chi-square distribution with k degrees of freedom, and Z and V are independent, then k V Z T =
has a student-t distribution with k degrees of freedom.
Equation 5(a): Case KU For odd numbered observations, i.e., when r is an odd number, 
